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Abstract

Background: Alarm fatigue, a multifactorial desensitization of staff to alarms, can harm both patients and health care staff in
intensive care units (ICUs), especially due to false and nonactionable alarms. Increasing amounts of routinely collected alarm
and ICU patient data are paving the way for training machine learning (ML) models that may help reduce the number of
nonactionable alarms, potentially increasing alarm informativeness and reducing alarm fatigue. At present, however, there is no
publicly available dataset or process that routinely collects information on alarm actionability (ie, whether an alarm triggers a
medical intervention or not), which is akey feature for devel oping meaningful ML models for alarm management. Furthermore,
case-based manual annotation is too slow and resource intensive for large amounts of data.

Objective: We propose a scalable method to annotate patient monitoring alarms associated with patient-related variables
regarding their actionability. While the method is aimed to be used primarily in our institution, other clinicians, scientists, and
industry stakeholders could reuseit to build their own datasets.

Methods: The interdisciplinary research team followed a mixed methods approach to develop the annotation method, using
data-driven, qualitative, and empirical strategies. Theiterative process consisted of six steps: (1) defining alarm terms; (2) reaching
aconsensus on an annotation concept and documentation structure; (3) defining physiological alarm conditions, related medical
interventions, and time windows to assess; (4) devel oping mapping tables; (5) creating the annotation rule set; and (6) evaluating
the generated content. All decisions were made based on feasibility criteria, clinical relevance, occurrence frequency, data
availability and quantity, structure, and storage mode. The annotation guideline devel opment processwas preceded by the analysis
of the ingtitution’s data and systems, the evaluation of device manuals, and a systematic literature review.

Results: Inamultidisciplinary consensus-based approach, we defined preprocessing steps and a rule-based annotation method
to classify alarms as either actionable or nonactionable based on datafrom the patient data management system. We have presented
our experience in developing the annotation method and provided the generated resources. The method focuses on respiratory
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and medication management interventions and includes 8 general rules in a tabular format that are accompanied by graphical
examples. Mapping tables enable handling unstructured information and are referenced in the annotation rule set.

Conclusions: Our annotation method will enable a large number of alarms to be labeled semiautomatically, retrospectively,
and quickly, and will provideinformation on their actionability based on further patient data. Thiswill makeit possibleto generate
annotated datasets for ML models in alarm management and alarm fatigue research. We believe that our annotation method and
the resources provided are universal enough and could be used by others to prepare data for future ML projects, even beyond the

topic of alarms.

(J Med Internet Res 2025;27:€65961) doi: 10.2196/65961
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Introduction

Vital sign monitoring and alarm systemsin intensive care units
(ICUs) am to inform caregivers about the health status of
patients and about adverse events. Alarms can be either
clinically actionable or nonactionable as defined by the
International  Electrotechnical Commission (IEC) in an
amendment of the second edition of its norm IEC
60601-1-8:2006/AMD2:2020 (sections 3.44 and 3.45,
respectively), a norm defining general requirements, tests, and
guidancefor alarm systemsin medical electrica equipment and
systems, with an alarm being considered actionable if an
intervention is expected within a time window defined by the
alarm priority to prevent or counteract physiological
deterioration [1]. In fact, less than 23% of alarmsin ICUs are
actionable [2-5], and ICU staff reported high rates of alarms
that do not have consequences and disturb their work [6]. At
our ingtitution, nurses and physicians interact with monitoring
systems and are involved in darm management tasks [7].
Interventions after an alarm are made in consultation with or
by physicians or based on their orders. However, the literature
has shown that nonactionable aarms can promote alarm fatigue,
a multifactorial desensitization of personnel that is associated
with a“ delayed, inadequate, inappropriate, or absent [response]”
toanaarm[1], and can ultimately harm both patients and health
care professionals [8-12] asthey are considered to impact staff
performance and patient safety [1].

While there was no valid metric to quantify alarm fatigue until
the recent publication of the standardized and validated “ Charité
Alarm Fatigue Questionnaire” (CAFQa) [13,14], Winters et a
[15] hypothesized that reducing the total number of alarmsand
specifically nonactionable alarms might alleviate alarm fatigue.
However, until now, many alarm research projects have focused
on classifying alarms as either technically true or false (due to
artifacts or not having avalid triggering event), without further
analyzing their clinical actionability [16]. The CAFQacaptures
alarm fatigue across the dimensions of alarm stress and alarm
coping, enabling the evaluation of the psychophysiological
effects of excessive alarms and aso strategies for managing
alarms[13,14]. Yet, it has not been used in interventiona studies
to assess alarm fatigue in ICU staff or the impact of any
approach aiming to alleviate aarm fatigue. It is unknown
whether reducing the number of nonactionable alarms and in
general improving the informativeness, often measured as the
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positive predictive value of alarms, can cause a decrease in
alarm fatigue and alarm response problems [15,17].

Datasets containing alarms classified based on their actionability
areessential to develop holistic I T approachesthat aim to tackle
alarmfatigue[16]. Information related to alarm eventsis mostly
not included in publicly available ICU databases, such as the
€lCU Collaborative Research Database [18], HiRID [19], and
AmsterdamUMCdb [20], or is only in the form of alarm
thresholds, such asinthe Medical Information Mart for Intensive
Care (MIMIC)-IV [21,22]. This might be due to the fact that
alarm dataare commonly not used for health care provisionand
oftenremaininlocal systemsfor quality management processes.
These data are stored in vendor proprietary formats and require
extensive preprocessing to be useful [23]. Data-driven
applications, including machine learning (ML) algorithms,
depend on real-world health dataand shared health care datasets.
To ensure data diversity, reproducibility, generalizability, and
sharing, they idealy encompass standards and sustainable
approaches to ultimately provide insights into health care
delivery and improve patient care and outcomes [24-28]. As a
prerequisitefor any supervised ML framework, these data need
to be annotated (ie, indicating the clinical actionability of
alarms). As such, the algorithm learns from the patterns of the
annotated input data in combination with other relevant data
points and produces accurate results [29]. However, this
annotation step is frequently the main bottleneck because it is
complex [30], is time and resource consuming [31,32], and
requires domain expertise.

We propose a rule-based annotation method to enrich alarm
data triggered by physiological alarm conditions (PACs) and
captured by a patient monitoring system (ie, electrocardiogram,
invasive blood pressure [BP] device, or pulse oximeter) by
providing information about their actionability based on further
patient data related to respiratory and medication management
interventions. This will serve as a basis to semiautomatically
annotate large amounts of alarm data. By sharing this
reproducible and scalable annotation method, including
preprocessing recommendations, we aim to enable clinical and
research institutions to label their own alarm data in order to
aid in analyzing their ICU aarm situation for quality
management and to facilitate projectsinvolving ML in academia
and industry for new patient monitoring systems.
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Methods

Ethical Consider ations

The ethics committee of Charité — Universitdtsmedizin Berlin
approved all protocols of this study (ethics vote number:
EA1/127/18; name of the ethics committee: Ethikausschussder
Charité —Universitatsmedizin Berlin am Campus Charité Mitte;
Chairperson: Prof Dr med R Morgenstern). Due to the setting
and scope of the study, Charité’s data protection department
and the abovementioned ethics committee waived the
requirement to obtain informed consent.

Data Sources and M aterials

Our study focused on creating annotation guidelines based on
patient and alarm data from the ICUs of a large German
university hospital. These data are stored in different systems.

The patient data management system (PDMS) COPRA (version
6) allows for the documentation of patient data, such as
observationsand vital signs, medications, diagnoses, procedures,
and further information related to the hospital stay. Some
information is aso stored in the hospital information system
(H1S) i.s.h.med (eg, laboratory results) and might be transmitted
additionally to the PDM S. Some ventilation settings (eg, positive
end-expiratory pressure) are stored in the ventilators and
transmitted automatically to the PDMS, while others require
manual documentation (eg, airway devices [ADsg]).

Alarm logs are present in the Philips IntelliVue patient
monitoring system (M X800 software version M.00.03; MMS
X2 software version H.15.41-M.00.04). It includes bedside
monitors, client monitors integrating data from 2 to 3 patient
rooms, and a central station. By default, it measures oxygen
saturation (SpO,), BP (invasive or noninvasive), heart rate (HR),
and temperature. In our study, wefocused on asubset of patient
alarmstriggered by the electrocardiogram, invasive BP device,
or pulse oximeter.

We created a project database structured according to Giesa et
al [33], which included data from 35,004 patients and 40,865
digtinct stays. Patient and alarm data arising from 19 units
(ICUs, postanesthesia care units, recovery rooms, and operation
rooms) between August 2019 and June 2021 were collected in
the PDMS, HIS, and alarm logs. To develop and test our
annotation method, we focused solely on datafrom ICUsrelated
to 7163 unique patients (cases and unique patient counts per
ICU ward in Table S1 in Multimedia Appendix 1; age and
gender distribution with patient counts in Table S2 in
Multimedia Appendix 1). We counted 13,473,594 alarm starts
inCUs, and the alarm signal s associated with the chosen PACs
accounted for 50.72% of these alarm starts. Only thealarm logs
of ICU M 101l were complete over the whole time span. M 1011
isasurgica ICU, with its alarms representing 17.93% of the
total number of alarmsin our database.

Asaarm logs are only stored locally in Philips' central station
for 90 days, these were regularly extracted using a USB stick;
extensively processed by applying R scripts [34], which are
partly based on R scripts by Poncette et a [35]; and imported
into the database.
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Study Design and Research Team

We chose a mixed methods approach, blending quantitative
strategies, data-driven as well as qualitative evidence-based
strategies, and empirical strategies to inform the devel opment
process of our annotation guideline. The iterative
consensus-based process integrated adapted methods from
requirements engineering and design thinking, which are 2
complementary frameworks[36,37]. Requirements engineering
facilitates the definition, maintenance, and validation of
requirements for the development of systems or tools [38].
Design thinking fosters a creative processthat rapidly generates
and prioritizes effective solutions. It incorporates environmental
and user perspectives, either directly (eg, through watching,
examination, surveying, etc) or indirectly (eg, through
empathizing, assumption, etc) [39,40], and has already been
used in different health care settings and projects [41-45],
including intensive care medicine [46]. Even though both
frameworks were developed in different contexts and propose
different tools, they both aim to understand and solve aproblem,
especialy in the context of developing software. While design
thinking is user-centered and explores the needs and
sociotechnical, operational, and usability aspects (including
limiting factors), requirements engineering enables detailing of
the properties of aproduct and testing these in the devel opment
process. The produced contents of both frameworks are partially
overlapping or complementary [36,37]. All results are presented
in tabular form and as figures. For the figures, we integrated
the color blindness accessibility color palette proposed by Wong
[47].

The core team consisted of 2 physicians experienced in
anesthesiology and intensive care medicine (1 junior doctor
with additional expertisein interoperability and standardization,
and 1 senior doctor having completed his training in
anesthesiology), 3 data scientists, and 2 medical students (1
with a bioinformatics degree). In addition, 6 intensive care
medicine specialists (2 senior consultants having completed
their training in anesthesiology and holding an additional
qualification in intensive care medicine and 4 senior residents
in anesthesiology, with 3 of these involved in data science
projects) and 11T expert supported the process by participating
in workshops and interviews. The different levels of expertise
and experience madeit possible to include different perspectives
and develop a pragmatic yet clinically focused method, which
isreusable asit incorporatesinternational standardsand norms.

Preliminary Work

Prior to the devel opment of an annotation method, we performed
a literature review to find relevant articles about alarm
annotation projects or methods in the ICU and surgical setting
(Web of Science and Embase; Figure S1 in Multimedia
Appendix 2 shows the selection process according to the
PRISMA [Preferred Reporting Items for Systematic Reviews
and Meta-Analyses] 2020 statement [48]). In paralle, we
collected and analyzed internal information (eg, data sources,
database structures, data formats and flows, systems, device
settings, or working processes) and the instruction manuals of
devices. We interviewed 7 different domain experts from
intensive care medicine and IT using open-ended and specific
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questions (Table S1 in Multimedia Appendix 3). All findings
were summarized, presented, and discussed in regular research
meetings.

Development of the Alarm Annotation Guidelines

We iteratively conducted 6 steps to create and refine our
annotation method. Throughout the process, we prioritized and
consolidated ideas, and made decisions based on feasibility
criteria (time, personnel, and technical resources), clinical
relevance, frequency of occurrence, data availability and
guantity, structure, and storage mode.

Definitions of Alarm Terms

The terms annotation and labeling of aarms are used
synonymously in this manuscript. Alarm terms are taken from
the IEC norm 60601-1-8:2006 and its amendments from 2012
and 2020. Monitoring systems use alarm signals, commonly
simply called alarms, to convey the presence of an alarm
condition [49]. Alarm conditions represent situations that
monitoring systems classify as potentially or actually dangerous
and require staff to intervene or at least be aware [50]. Alarm
conditions are triggered by a violation of alarm limits, which
can be numerical, nonnumerical, or agorithmic thresholds.
Despite an alarm condition, the measured value might still be
in the physiological range. Alarm conditions can emanate from
patient-related and equipment-related variables, which are
named PACs and technical alarm conditions, respectively. For
the annotation, we focused on PACs and considered related
alarms singularly, although several alarms can occur
simultaneously. We disregarded alarm trends or patterns.
Technical alarms (eg, aarms resulting from device
disconnection) were excluded.

Adapting the definition of “clinically actionable” according to
|EC 60601-1-8:2006/AMD2:2020 (section 3.44) [1], an alarm
is“actionable” if health care staff react to it by performing an
intervention to counteract physiological deteriorationinacertain
time window. We do not consider, for example, assessing a
patient, changing alarm limits, and repositioning a misplaced
device, as interventions to prevent harm [1]. At this stage, we
also do not distinguish between the different alarm priorities.

Agreement on a General Annotation Concept and
Definition of a Documentation Structure

Based on the findings of the preliminary work and domain
expertise, the core team identified and discussed potential
annotation methods before deciding on arule-based annotation
method using PDMS data and alarm logs. One team member
proposed ideas for the structures of the requirement
specifications, mappings, annotation rules, and tables for the
annotation output, and oversaw the management and updates
of thedocuments. The entireteam reviewed and approved these
resources.

Selecting PACs of Interest, Related Medical
Interventions, and Time Windowsto Assess Alarm
Actionability

Weidentified relevant dataelementsin the alarm logs providing

insights about the patient (identified using the unit and bed
number), the timing of alarm events (using timestamps), and
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the PAC (via the vital sign type and the threshold violation).
For our annotation method, we focused on PACs related to
SpO,, invasive BP, and HR. Each alarm was evaluated

individually.

Onemedical doctor examined which interventionswere usually
documented (shortly) after alarm events using data from the
PDMS and HIS. Based on this retrospective analysisas well as
their medical and clinical knowledge and experience, 3 medical
doctors independently listed medical interventions that are
usually performed to counteract a physiological deterioration
for each selected PAC. The selection of interventionswas guided
by the most common reasons and etiologies that lead to alarm
conditions and signals. The lists were merged, discussed, and
consolidated. Interventionswere excluded if they weretechnical
(eg, change of an electrode), were poorly documented or not
documented in a timely manner (eg, positioning), were
documented using freetext, were of adiagnostic nature, or were
not performed directly after the first alarm (eg, blood
transfusion). The proposed list of interventionsis not meant to
be exhaustive. In the following text, we concentrate on 2 types
of interventions: respiratory and medication management
interventions.

Respiratory management i nterventions summarize interventions
related to theincrease in set ventilation parameters and change
in the ventilation situation (change in airway management or
respiratory support therapy [RST], including the presence or
absence of oxygen delivery). Airway management isconcerned
with the manipulation of ADs and gives information about the
invasiveness of respiratory support. RSTs consider combinations
of ventilation devices (VDs) and ventilation modes (VMs). In
our database, oxygen therapy is aso documented as a
combination of aVD and VM despite not involving ventilation.
ADs, VDs, and VMs are stored as strings, while ventilation
parameters are delivered as numerical valuesin our PDMS. We
focused on escalations of respiratory management after alarms.

Medication management interventions include al types of
changes in administration aiming to counteract physiological
deterioration (increase or decrease in dosage and administration
start or stop).

To assess the alarm actionability, we set a time window to
consider after the alarm start. Itsdefinition was based on clinical
expertise, technical knowledge (eg, documentation processes,
technical factors, such as data transmission and storage
frequenciesfor every variableand ICU, andimprecisionsarising
from system interfaces), data visuaizations of performed
interventions in relation to alarm timestamps, and count of
interventions performed as aresult of different time windows.

To later test the generated annotation rule set, we retrieved all
variables depicting the PACs, related alarm information, and
previously defined medical interventions from the source
systems and stored these in a project database as explained in
the Data Sources and Materials subsection.
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Development of Mappingsto Describe Respiratory
and M edication Management | nterventions

To process and compare unstructured data, we created mappings
for both groups of interventions: respiratory and medication
management. We retrieved, indexed, and mapped entries from
the PDMS manually. The mappings augment the information
content of the (unstructured) dataand makeit easily interpretable
for both machines and people without a medical background.

Development of Respiratory Management Mappings

There is no standard definition or guideline to describe
escalations of respiratory management (neither airway
management nor respiratory support). Weused clinical expertise,
information from 1S019223:2019 [51], and instruction manuals
of ventilators to define a total of 18 categories for ADs and 7
categories for RSTs, and to perform the actual mappings that
can be used to determine if an escalation was performed.

To indicate the invasiveness of the therapy, we assigned a level
to each AD category: increasing AD levelsindicate an escalation
of airway management, with level 1 being“no AD” documented
and level 9 being a “tracheal cannuld’ or “endotracheal tube.”
Unclear AD entrieswere mapped to several suitable categories.
One example would be the entry “Maske” that could represent
an oxygen mask or a nasal or full-face mask for continuous
positive airway pressure therapy. However, for entries having
multiple mappings, we specified thelevel to useto annotate the
alarms.

We defined RST categories based on the intended use of the
ventilators and ignored their adjuncts (eg, tube compensation).
RST categories represent breathing therapy and VMs. We
attributed each RST category alevel. VDsand VMs are aways
stored in combination in our PDM S. We mapped every VD-VM
combination that we extracted to an RST category and level. In
rare cases, when a VD-VM combination could be linked to
several RST categories, the AD was included in the decision
process. A higher RST level is associated with a more severe
respiratory therapy, as patients either get more respiratory
support or need a“controlled” VM. We assigned each VD-VM
combination an AD category that is suitable to conduct atherapy
with this specific combination. When the AD was not
documented, we defined a “default” invasiveness based on
clinical judgment. In this case, we added “ blank/no AD” to the
VD-VM combination to store this information.

An additional table specifies which ventilation parameters can
be set in the context of a chosen RST. Questions related to
specific ADs, VDs, and VMswere answered during one-on-one
meetings. The generated mappings were discussed with intensive
care experts, and arandom sampl e of the mapping content was
cross-validated in aworkshop. The ventilation parameterstable
was validated by a senior physician.

Development of Medication Management Mappings

Depending on the PAC, health care personnel need to manage
different medications to prevent harm. For alarms triggered by
a specific vital sign value decrease, we considered (1) active
ingredients that would counteract the deterioration when
administered or increased in dosage, and (2) active ingredients
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that would counteract the deterioration when stopped or reduced
in dosage. Analogoudly, for alarmstriggered by avalueincrease,
we chose active ingredients that would lead to a decrease or
stabilization of the value and mapped these to the 2 medication
intervention types.

The medication mapping was based on information retrieved
from the internal hospital medication database, medical
experience, and knowledge. We looked for relevant medication
information in the PDMS database, including names (eg,
database-specific names, trade names, and generic names),
routes and techniques of administration, and the hospital’s
custom drug identifier (DruglD). Each active ingredient can
have several DruglDs depending, for example, on the route of
administration or drug concentration. Therefore, a mapping of
relevant Drugl Dsto selected active ingredients was assembl ed.
All substances were mapped to concepts of the Systematized
Nomenclature of Medicine—Clinical Terms. We defined 8
categoriesfor routes and 2 for techniques of administration, and
harmonized these.

In our hospital, medication interventions are linked to an order
identifier (orderID) combining one or several substances. For
orderIDs with more than one substance (“mixtures’), we
analyzed all unique substance combinations in the patient data
to identify relevant mixtures for the annotation.

One medical doctor selected potentially relevant active
ingredients for each PAC and type of medication management
intervention and performed the mapping. The result was
presented in one-on-one meetingsto 3 intensive care specialists
asked to assessthe accuracy and coverage of common real-world
scenarios, leading to the first consolidation based on their
judgment. Subsequently, we evaluated the mapping by analyzing
actual patient data. We queried medication interventions for
each PAC, 2 adarm criticality levels, and 3 different time
windows (5, 10, and 15 minutes), and ordered the resulting lists
by descending count. Two medical experts checked if thelisted
active ingredients (after having set a cumulative percentual
cutoff of 70%) were clinically relevant in the context of each
PAC [52]. These findings were used to revise the list of chosen
active ingredients and finalize the medication mapping.

Definition of the Annotation Rule Set

Based on the previously selected alarm and patient variables
and mappings, the team of medical experts defined rules to
compare one or several specific variables before an alarm (or
at the time of an alarm) and after an alarm within a specified
postalarm time window. If specific conditions are met in a
determined time window, depicting an intervention, the alarm
is actionable; otherwise, it is not actionable. The technical
experts hel ped synthesize and generalize the rules. This served
as preliminary work for the development and implementation
of scripts.

Evaluation of the Generated Content

We started programming R and Python scripts to test the
implementation of the annotation rules and mappings, and
applied the test scripts to a subset of alarm and patient data.
Using bed names and timestamps, we linked the logsto patients
in the PDMS. We created graphics to simulate and represent
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common and complex scenarios. Complex scenarios relate,
among others, to situationswhereinterventions occur in parallel
or sequentially within the defined time window, situationswhere
medication management interventions include the same
substance as another ongoing continuous administration, or
situations where known common documentation errors need
mitigation, such as by implementing checking loops or delays.
We also performed regular data queries to augment and refine
the generated contents (eg, add entries to the mappings or
implement further checks to assess the alarm actionability).
Initial annotation resultswere cross-checked by ng related
patient data, both in the PDMS frontend and backend. All
contents were discussed regarding conciseness, intelligibility,
and usability, from amedical and data science point of view.

Results

Overview

We first present the factors prompting the development of our
annotation method before sharing the generated resources.

https://www.jmir.org/2025/1/e65961
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Preliminary Work

We identified 20 studies containing 23 associated aarm
annotation reports in our literature review [4,30-32,53-71]
(PRISMA [48] flow diagram: Figure S1 in Multimedia
Appendix 2) and summarized the findings (Table S1 and Table
S2inMultimediaAppendix 2). Although the annotation methods
and outcomes of interest differed across al studies, most of the
reports specified definitions or protocols prior to the annotation
processto classify the alarms. The size of the annotated dataset
ranged from 20 [69] to 12,671 [59,65] alarms, with an average
of 4183 annotated alarms. Aspects regarding the scalability of
the annotation method were not reported.

We identified and evaluated 4 potential annotation methods for
our project (Table 1), blending medical and data science
perspectives. These included manua approaches, such as
annotating alarmsin personin an |CU and analyzing information
in the PDM S frontend, and semiautomatic approaches, such as
rule-based systems and ML algorithms. Medical users (both
interviewees and team members) emphasized the need for highly
preci se annotations (despite limited time resources) that capture
the reasons for alarm actionability. Data scientists, on the other
hand, focused on maximizing the number of annotated alarms
and aimed for scalability.
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Table 1. Advantages and disadvantages of different alarm annotation methods.

Klopfenstein et a

Annotation through visualization

of recordsin the PDMSP frontend
or based on video material

Semiautomatic rule-based
annotation

Automatic annotation

Method Time-stamped annotation in
person in the ICU?

Method descrip-  Medical experts annotate in

tion real-time and at the bedside

the clinical interventions per-
formed after patient larmsin
the ICU

Time perspective  Prospective

Data sources Information on alarms and
bedside tasks recorded by an-
notators

Personal re- Persons with amedical back-

sourcesfor anno-  ground

tation

Timeresources  High

for annotation

Datasize Limited by the prospective
collection setting; greater
amount with increasing data
collection duration or number

of annotators

Data quality High; “clinical annotations
are generally accepted as an
aternative [to agold stan-

dard]” [53]

Scalability Very limited

Limitations Administrative and organiza-
tional efforts; considerable

time and personal resources

Summary Most precise data annotation
method out of the 4 presented
here, but very resource inten-

sive and not scalable

Medical expertsinvestigate patient
data using the PDM S frontend or
video recordings (showing, for
example, the patient and their sur-
roundings), and assess the avail-
able data close to alarm times-
tamps using medical knowledge
and experience

Retrospective

Alarm logs from the monitoring
system; al patient information
recorded inthe PDM S or on video

Persons with a medical back-
ground

High

Limited by the annotation setting;
greater amount with increasing
annotation period or number of
annotators

Medium to high, depending on, for
example, if (1) rulesor criteria
have been defined prior to the an-
notation, (2) annotation isconduct-
ed by independent mappers, and
(3) there are adjudication rounds

Limited

Considerable time and personal
resources, method is dependent on
the precise documentation of infor-

mation in the PDMS or detailed
video recordings

L ess precise data annotation than
if annotated in real-time at the
bedside, but lessresourceintensive
and dightly more scalable

Development of rule-based
logic and annotation guide-
lines using routine clinical
patient data and medical
knowledge; |mplementation
of thislogic with computer
scripts

Retrospective

Alarmlogsfrom themonitor-
ing system; selected patient
features from the
PDMS/HISY, health data
lake, or project-specific
database

To develop the guidelines:
persons with amedical
background; to implement
the logic: persons with data
scienceor IT skills

Medium

Potentially all alarm logs
that include alarm types
considered by theannotation
guidelines

Medium

Yes

Extensive data preprocess-
ing and wrangling, especial-
ly when the PDMS is not
based on a standardized
model; method is dependent
on the precise documenta-
tion of information in the
PDMS

Depending on the rules and
how well they depict there-
ality, this method can
achieve aprecise dataanno-
tation; scalable due to auto-
matic annotation once exten-
sive data preprocessing is
done

Automatic annotation based on
MLC algorithms

Retrospective

Alarmlogsfrom themonitoring
system; selected patient fea-
tures from the PDMS/HIS,
health data |ake, or project-
specific database

Personswith datascienceor I T
skills; no medical skillsneeded

Low

Potentially all alarm logs

Medium

Yes

Supervised learning requiresan
existing algorithm that hasbeen
trained and tested on an already
labeled dataset and prepro-
cessed data; method is depen-
dent on the precise documenta-
tion of information in the
PDMS

In theory, this method has the
potential to be the best annota-
tion method, asitisscalable, is
lessresourceintensive, and can
annotate large amounts of data
once an algorithm has been de-
veloped, but it is dependent on
apre-existing labeled dataset
or pretrained algorithm

8 CU: intensive care unit.

bpDMS: patient data management system.
°ML: machine learning.

dHis: hospital information system.
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Alarm Annotation M ethod

General Annotation Concept and Documentation
Structure

We agreed on a semiautomatic annotation method after having
analyzed in depth our internal data systems and the collected
information about different processes (Table S2 in Multimedia
Appendix 3). It consisted of the development of a detailed
deterministic and machine-readabl e rule set, which was designed
with algorithmic application in mind.

The rule set has been specified using tables accompanied by
explanatory textswith considerationsto be applied for concrete
use cases, mappings, tables for the annotation output, and
exemplary visualizations. The entire mappings are available on
Zenodo [72]. Examples are included in the supplementary
materials. Our proposal to structure the annotation output (Table
S1 and Table S2in Multimedia Appendix 4) indicatesthe reason
it is annotated as actionable for each alarm. The guidelines
contain noindividual patient data, despite being generated based
on analysis and extraction of alarm logs, data from the PDMS,
and datafrom the HIS. For this publication, we present ageneric
version of the method.

Klopfenstein et a

Selected PACs, Medical Interventions, and Time
Windows

We chose PACs and interventions to be evaluated in our
annotation method (Figure 1). Intotal, 14 different alarm types
fromtheaarmlogswere clustered into 5 PACs. Thirteen actions
in airway and medication management are summarized under
“Interventions.” The annotation method was based on the
evauation of PACs and interventions in relation to each other.
We assessed the actionability of the related alarms by seeing if
the defined interventions were conducted in a timely manner.
In our method, we considered airway and medication
management interventions for SpO, alarms and only assessed
medication management interventions for BP and HR alarms.
Alarm signals can be co-occurring, reflecting different problems
or being related to the same problem and reflecting
compensatory mechanisms of body functions. For now, we
annotated each alarm individually. For respiratory management
interventions, we considered atimewindow of 30 minutes after
the alarm, and for medication management interventions, we
considered 15 minutes.

Figure 1. Overview of the selected physiological aarm conditions (PACs) and interventions related to our annotation method. A patient can trigger
zero, one, or many alarms. Each alarm can be followed by zero, one, or multipleinterventions. The figure displaysthe alarm names asthey are generated
by our monitoring system. ABPm/ARTm: mean arterial blood pressure; ABPS/ARTS: systalic arterial blood pressure; AD: airway device; Asystolie:
(German alarm name for) asystole; Desat: desaturation; FiO2: fraction of inspired oxygen; HF: (German alarm name for) heartrate; PEEP: positive
end-expiratory pressure; Pinsp: inspiratory pressure; Psupp: pressure support; RR: respiratory rate; RST: respiratory support therapy; SpO,: oxygen
saturation; SpOol: oxygen saturation left side; SpO,po: oxygen saturation post ductal; SpO,pr: oxygen saturation pre ductal; SpO,r: oxygen saturation

right side; xBrady: extreme bradycardia; xTachy: extreme tachycardia.
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Generated M appingsfor Respiratory and M edication
Management Interventions

To ease the comparison of specific variables and enable the
annotation, we performed mappings [72] for both intervention
groups.

Respiratory Management—Related Mappings

We retrieved atotal of 1033 unique strings representing ADs,
including errors such as diverse spellings, missing entries, or
blanks. We mapped 49 unclear entries to 2 suitable AD
categories, 20 to 3 categories, and 5 to 4 categories, leading to
atotal of 1137 combinations of strings and AD categories. For
the alarm annotation, we ignored entries mapped to AD level
0 as these did not correspond to ADs, were VDs or systems
delivering therapeutic substances, or were documentation errors
(Table S3in Multimedia Appendix 4 shows AD categorieswith
examples and mapping numbers).

We extracted a total of 80 VDs and 264 VMs for mapping to
RSTs. This resulted in 3461 unique combinations of
VD-VM-AD categories. Our current mapping covers 519,248
theoretical VD-VM-AD entry combinations.

Medication Management—Related Mappings

We listed 47 active ingredients and identified 840 associated
unique DruglDs. The annotation rules take the routes and
techniques of administration into account. We subsumed 15
unique routes into 8 categories and mapped these to the
techniques*“bolus’ and “ continuousintravenous administration.”
Table $4 in Multimedia Appendix 4 presents the genera
structure of the medication mapping with the numbers of
considered products and examples.

Concrete Annotation Rule Set

Linking alarms to interventions is based on the integration of
the information of PACs, PDM S variables, mappings, timings,
and time windows. As several changesin ventilation parameter
settings might occur after an alarm, we considered the peak
value of avariablein the defined postalarm time window. Prior
to the annotation, values not compatible with life should be

Klopfenstein et a

removed, for example, by using a table adapted from the
MIMIC-I1I project [ 73,74] defining physiol ogical ranges, ranges
compatible with life, and minimum and maximum acceptable
outliers. Regular planned interventions (eg, planned medication
administration or prophylactic continuous positive airway
pressure to prevent pneumonia) should also be excluded based
on the screening of related prescriptions made in advance as
they are not executed in reaction to an alarm.

Annotation Rules for Respiratory Management
I nterventions

We focused on the change in ventilation parameter settings and
the ventilation situation (Table 2). The rules are as follows:

1. Consider the following time windows and values. (1) the

AD and RST levels at the time of the alarm start (use
ventilation mapping and AD mapping to determine the
levels) [72]; (2) the last value of a ventilation parameter
before the alarm; and (3) the maximum values after the
alarm in a specified postalarm time window of 30 minutes
measured after the alarm start.

Check if the patient has an AD: An AD is considered
inserted if an AD typeisdocumented with atimestamp; an
AD is considered removed if there is a related removal
timestamp or if anew AD type is documented.

Check if the VD is in standby mode: For set ventilator
parameters (except for oxygen flow rate in the context of
oxygen therapy) and RST rules (except for RST
spontaneous breathing and oxygen therapy), if the VD is
in standby mode, set the values of the set ventilation
parameter and RST leve to O; otherwise, consider the last
value. Note that RST level O is introduced for
implementation purposes.

Check if the ventilation parameter can be set in the context
of thisRST: For set ventilator parameter rules, additionally
check the RST at the time of the parameter setting. In case
of incompatibility, set the parameter value to O; otherwise,
consider the last value.

For each RST, we have listed suitable ventilation parameters
in Table 3.

Table 2. Annotation rules for respiratory management interventions (physiological alarm condition: SpO,_|ow).

Rule Logic Condition 1 Logic Condition 2 Logic Condition 3
Change of AD? IF Last (AD level) < Max (AD level) AND No removal logged
Change of RSTP IF Last (RST level) < Max (RST level) AND No standby®
Increasein aset numerical ventilation parame-  |IF Last (set parameter X) < Max (set parameter X) AND Parameter can be

ter (oxygen flow rate, fraction of inspired
oxygen, set rate, inspiratory pressure, pressure
support, or positive end-expiratory pressure)

set in the present
RST level

8AD: airway device.
bRST: respiratory support therapy.

Cstandby is allowed in case of spontaneous breathing or during oxygen therapy.

https://www.jmir.org/2025/1/e65961
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Table 3. Compatibility table of ventilation parameters and respiratory support therapies.

RST? |evel Ventilation parameter
Setthe O, flow rate  Setthe Oo flow rate  ogt F 02b Set PEEF® Set Psuppd Set Pingg®  Set RR'
(on aflowmeter) (not on aflowmeter)

19 No No No No No No

2 Yes No No No No No

3 No No Yes Yes No No No

4 No Yes Yes No No No No

5 No Yes Yes Yes Yes No No

6 No Yes Yes Yes Yes Yes Yes

7 No Yes Yes Yes No Yes Yes

3RST: respiratory support therapy.
bFi Oy: fraction of inspired oxygen.

®PEEP: positive end-expiratory pressure.

dPsupp: pressure support.

®Pinsp: inspiratory pressure.

RR: respiratory rate.

9 evel 1isformally not arespiratory support therapy.

Annotation Rules for Medication Management
I nterventions

Procedures related to the management of drug administration
can impact the vital signs we focused on. We considered 2
general medication intervention types. “administration or
increase in dosage’ and “administration stopped or reduction
in dosage’ (Table 4). Therules are asfollows:

1

Consider the following time windows and values: A
postalarm time window of 15 minutes measured after an
alarm starts, and the rate at the time of the alarm start for
continuous administration.

Check the active ingredients: The medication mapping [72]
specifies the active ingredients to consider depending on
the medication intervention, PAC, and administration
technique. All rulesfocus on 1 active ingredient at atime.

https://www.jmir.org/2025/1/e65961

For mixtures (combinations of two or more active
ingredients), check in the mixture mapping if the
combination is relevant for the annotation.

Check the administration technique: If the start timeisequal
to the end time, the technique is bolus; otherwise, the
technique is continuous. In the case of continuous
administration, we compared the rates (these are
documented in the PDMS or need to be calculated). The
rates can only be compared if they share the same unit (if
not, they need to be converted) and the same concentration.
In the case of a different concentration, the administered
doses per time need to be used for comparison.

Check if afluidisused asatherapy or asadiluent or carrier
(only for active ingredients classified as “fluid for
intravenous administration”): If the amount (or rate) is <500
mL (per hour), fluid is a carrier; otherwise, it is atherapy.
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Table 4. Annotation rules for medication management interventions.

Klopfenstein et a

Rule Logic Technique  Logic Condition1 Logic Condition 2 Logic Condition 3 Logic Condition 4
Administration or increasein dosage (PAC?: all)
Bolus IF Bolus AND Administration _b — — — — —
within the time
window
Start IF Continuous AND  New administra= AND  No (previous) AND  Nofurtherad- ELSE Check forin-
tion starts within administration ministration of crease
the time window endsin the pre- the same active
vious 5 minutes ingredient run-
ning in parallel
Increase IF Continuous AND  New administrae=  AND  Previousadmin- AND  Newrate>pre- — —
tion startswithin istration ends vious rate®
the time window withinthe previ-
ous 5 minutes
Administration stopped or reduction in dosage (PAC: all except SpO,_low)
Stop IF Continuous AND  Administration  AND  Nonewadminis AND  Nofurtherad- ELSE Check for de-
ends within the tration starts ministration of crease
time window following 5 the same active
minutes ingredient run-
ning in parallel
Decrease |IF Continuous AND  Previousadminis AND  Newadministraa AND  Previousrate> — —
tration endswith- tion starts fol- new rateS
in the time win- lowing 5 min-
dow utes

3PAC: physiological alarm condition.
BNot applicable.

%In case of acomparison of 2 continuous administrations with different Drugl Ds and concentrations (eg, propofol 10 mg/mL and propofol 20 mg/mL),

consider the doses per time instead of the rates.

Evaluation of the Generated Content

We used visual examplesto simulate and define the annotation
output for different scenarios (Figure 2A and 2B; Figures S1to
4 in Multimedia Appendix 4). Annotation rules that seem
trivid at first (eg, checking if aventilation parameter isincreased
after an alarm) involve knowing the type of RST before and
after the alarm, the device mode (standby or not), if this
parameter can be set in the context of the specific RST, and the
set value before and after the alarm (last and maximum value,
respectively). For example, a PDMS data entry for positive
end-expiratory pressure is faulty for oxygen therapy. In 9.0%
of documented AD changes, the removal of the preceding AD
was missing. To account for known cases, in which the new
AD was documented shortly before the removal of the previous
one, we added atolerance of 1 minute, which reduced the rate
to 7.21% of AD changes. Of the 230,711 changes of VDs or
VMs (not related to RST 1 or 2), 53,875 were incorrectly
documented as performed while the VD was in standby. For a
subset of 49,072 of these changes, standby was subsequently
deactivated, with 50% of deactivations occurring within the
first 7 minutes and 75% occurring within the first 20 minutes.
We considered alarms as nonactionable if changes were
documented while the standby mode was active. Checking loops
and short delays hel ped to ensure that the PDM S data accurately
reflected the ICU situation.

https://www.jmir.org/2025/1/e65961

Although we first used medication namesin the annotation, we
noticed that it was necessary to use the hospital’s custom
medication identifiers, as medication naming conventionswere
not consistent in our PDM S and included structured and free-text
entries. We also noticed that nearly 60% of the medication
application timestamps were rounded down to the nearest 5
minutes, caused by the standard PDMS user interface input
dialog. If not accounted for, this would cause a significant
number of false negatives, leading to an underestimation of the
number of actionable alarms.

We normalized the rul e tabl esto reduce redundancies and make
them machine readable.

Medical experts controlled if the code of the first developed
scripts accurately reflected the medical content of annotation
guidelines. Inaccuracies were mainly due to prerequisites not
being formulated precisely in the guidelines, misunderstanding
of rules, or “wrong” variables or timestamps being used in the
code. Thesefindingsled to further refinement of the annotation
guidelines. Data scientists also evaluated the runtime required
for annotation and tested various code optimization and
parallelization strategies. They successfully processed over 1000
alarms per minute, with potential for further scaling through
the addition of hardware resources.
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Figure 2. Visualization of annotation rules with example data and annotation results. (A) Respiratory management rules. This panel depicts which
patient data management system (PDMS) variables are required by the 3 respiratory management rules, how they interact with the different mappings,
and which time windows are considered. (B) Medication increase rule. This panel depicts the PDMS variables required to map the medication name,
application route and technique, and medication action. BP: blood pressure; CPAP: continuous positive airway pressure; PEEP: positive end-expiratory

pressure; RST: respiratory support therapy.
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Discussion

Principal Findings

Alarm fatigue and improper management of clinica aarm
systemsare still highly relevant topics, asunderlined by the 6th
National Patient Safety Goals of the Joint Commission’shospital
program for 2024 [ 75]. As publicly available | CU datasets lack
alarm information, we developed a method to classify large
amounts of alarms regarding their clinical actionability using a
defined annotation rule set combining alarm data and patient
health data, to enable the creation of such an alarm dataset.

ThelCU environment isparticularly interesting for ML projects
dueto large data volumes produced by the multitude of devices
and monitoring systems, and the necessity of rapid decisions
when treating critically ill patients. While some routinely
collected data can be used directly (eg, vital signs), others need
complex preprocessing based on contextual data or clinical
judgment to make sense of theinformation. Thisis, for example,
the case for the alarm metric “clinically actionable” [76] or to
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understand the concrete ventil ation situation. However, as soon
as annotations move toward big data, manual annotation is not
feasible. Semiautomatic annotation is faster and less
resource-intensive than manual annotation at the bedside once
the data are extracted and preprocessed and the rule-based
algorithm isimplemented [77].

In the context of alarm management and research, thereis till
no consensus on a gold standard method of how to annotate
alarms [53]. Past studies used different methods, definitions,
and wordings to classify alarms or assess their actionability, as
our literature review showed. However, using widely accepted
definitions and standardized nomenclature is crucial to ensure
the comparability of findings. Our annotation method is
explainable, reproducible, and scalable. It incorporates
definitions from 1SO and IEC norms, fostering future data
reusability and interoperability. The guidelines (instructions
with illustrative examples) ensure coherence, explain how to
deal with unusual cases [78-80], and could serve as a basis for
future code development and implementation of the annotation
rules. In accordance with the principle “ start small, iterate fast”
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[81], we opted for a modular layout and incremental
development, with regular testing phases to find out how IT
developers understand and transpose the guidelines, identify
complex cases and inconsistencies, and ultimately refine the
guidelines. The modular layout will also facilitate future
adaptation and addition of rules or underlying mappings, as new
data points (eg, further VDs or active ingredients) might need
to be added.

Comprehensive knowledge and understanding regarding the
ICU environment, the involved persons, the processes, and the
data were essential for our project. We involved clinicians and
IT expertsin the development process from the beginning, thus
including different points of view, expertise, and experience
levels, and aimed to create reusable content. Their participation
was crucial in the iterative analysis of the ICU ecosystem,
evaluation of actual data, testing phases, and discussions. We
recommend allocating enough time and resources to these
activities, as they are crucial for making informed decisions.
Routine health data are stored for documentation purposesrather
than for analysis tasks that would benefit from structured
machine-readable formats. We identified challenges (Table S2
in Multimedia Appendix 3) that were associated with complex
time- and resource-intensive measures (eg, decision-making,
data processing and deduplication, plausibility checks, and
mappings).

All generated resources are mostly generic and reusable,
potentially time-saving, and helpful for a larger audience and
different stakeholders. They could be used to create new datasets
or enrich existing ones, such as MIMIC-IlI and MIMIC-IV,
with lower annotation efforts. MIMIC-IIl and MIMIC-IV are
both freely available databases including data from patients
admitted to critical care units in the Beth Israel Deaconess
Medical Center (Boston, MA, USA). MIMIC-IV contains data
from about 200,000 patients admitted to the emergency
department and 65,000 admitted to an ICU between 2008 and
2022 [21,22]. While alarm dataare sparse in both datasets, alarm
thresholds are available, and alarm events could be extracted
[82]. By enriching existing datasets, research possibilitieswould
be extended [77] without researchers being confronted with
legal uncertainties around anonymization and sharing of anewly
created health dataset. Concerning alarms, clinicians could get
detailed alarm summaries, including information about alarm
actionability as a new metric, fostering active alarm
management,  evidence-based  decision-making,  and
interprofessional discussions [76]. Patient monitoring systems
aim to keep patients safe, but nonactionable alarms are regarded
as prejudicial to staff performance and patient safety [1].
Research and industry projects could use our method to create
annotated alarm datasets to evaluate the effects of differing
alarm actionability rates on outcomes, such as length of stay
and mortality, or to train ML models discriminating and
predicting actionabl e and nonactionable alarms (improving the
low positive predictive value and therefore informativeness of
current patient monitoring systems) and potentially guide
clinicians in their decisions by moving from predictive to
actionable artificial intelligence [83]. In the clinical routine,
such algorithms should be trained on datasetsincluding labeled
alarms and contextual information (patient databefore and after
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an alarm such as conditions, diagnostic and therapeutic
interventions, co-occurring or occurring alarms, etc) to enable
prediction. They could assist clinicians, for example, by
informing them how likely an intervention might be required
after an alarm related to a PAC, and enable trials investigating
if the reduction or suppression of nonactionable alarms can lead
to reduced alarm fatigue using the validated tool CAFQa[13,14].
As both nurses and physicians interact with patient monitoring
systems and are involved in alarm management [7], analyses
assessing if the impact and perception of such algorithms in
practice differ between both professional groups should follow.
Our current annotation guidelines only focus on few potential
interventions after an alarm. We are aware that other
interventions might be possible and should be considered in the
future to increase the precision of the annotated alarm datasets
and improve subsequent analyses and algorithms.

As our mappings provide insights about patients' ventilation
and medication situation independently of alarm events, they
are suitable for health care projects beyond the alarm research
context. They enable, for example, to easily summarize how
many patients were ventilated invasively and which kind of
medication is often administered in a particular department or
situation. They could be used to build more granular features
for ML compared to current common approaches (eg, binary
ventilation feature: vented yes or no? [84]) or for medical
controlling and quality insurance purposes.

Limitations

Our current annotation guidelinesallow apartial analysisof the
alarm situation in the ICU and cannot be used on their own for
prediction purposes or decision-making. They are based on
analyses of retrospective data and expert opinions to annotate
asubset of alarmsregarding their actionability based on chosen
clinical interventions. The underlying assumptions, proposed
rules, and data used to develop our annotation process are
subject to limitations.

Annotation methods should be seen as living processes, as
continuous refinement and iterative development will be
necessary to capture additional scenarios that are not yet
anticipated. The sample of involved experts and the pandemic
situation at the time of the study influenced the decision to
develop a semiautomatic rule-based annotation method. The
methodical framework that guided our study was not eval uated
against another approach. In our annotation method, alarmsare
considered nonactionable if they do not fulfill the criteria of a
defined rule. Thus, an aarm might be annotated as
“nonactionable” because no rule was defined to capture a
specific intervention or because the relevant data were missing
or imprecise despite being actionable. Currently, we can only
presume associ ations between alarms and interventions because
alarmsand interventionswere stored in 2 different systems. The
interventions that are listed in the system are not marked as
happening as adirect response to an alarm: For example, when
achangein aventilator parameter islogged, thereisno link to
the SpO, drop and saturation aarm preceding this change.
Interventions that led to an aam being annotated as
“actionable” might not have been related to it. By annotating
each alarm individually, we ignored whether there were any
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co-occurring alarms. Co-occurring alarms could berelated to a
single praoblem (when multiple alarms are triggered because of
compensatory changes) or indicate entirely different problems.

We did not derive our rules based on prospectively collected
data or validate these in a clinical setting. We relied on
retrospective data and especially on documentation interfaces,
processes, and data accuracy. Dueto the management of several
serioudly ill patients, stress, working routine, and documentation
burden, hedth care professionals might not document
interventions in atimely or precise manner. Additionally, the
storage frequency, data precision, and diverse timestamps for
the same variable might also influence which conclusions can
be drawn from the annotations. Wetherefore prioritized partially
structured data, primarily quantitative data, data automatically
transmitted from the respective devices to the PDMS, and data
that were manually documented in a timely manner. Free-text
notes were ignored. The list of alarm types and associated
interventionsis not meant to be exhaustive yet and only enables
an initial analysis of the ICU aarm situation, with a potential
underestimation of the rate of nonactionable alarms. Not all
etiologies of alarm conditions are covered by the chosen
interventions. Additionally, the annotation is partially based on
complex mappings and data structuring. Further evaluation and
expansion should follow. Our current respiratory management
mappingsare“static” and ignore dynamic parametersthat might
have an impact on the real-time classification of some VMs.
M appings should be modul ated based on adjuncts. Concerning
medi cation management, we focused on medications that have
been added to the underlying PDMS database. Training,
institutional policies, and patient comorbidities might influence
the choice of medication. Our selection is based on medical
experience and retrospective data analysis. The medication
mapping is not exhaustive and might need adaptation for other
institutions or countries, for which the relevant medication
groups developed in our mapping can serve as orientation.
Researchers need to factor in the previously described challenges
and limitations when preparing and annotating their data by
implementing, for example, checking loops or delays.
Performing a prospective data annotation at the bedside would
enable usto better understand previously identified challenges,
validate and refine our current logic, and prioritize new rules
for integration.

Alarm log data were regularly extracted from Philips central
stations of up to 13 ICUs as the data were not transferred
automatically to our HIS or data lake. With new data coming
in, the local monitor system buffer fills up, causing older log
entries to be overwritten and resulting in a storage duration of
approximately 90 days. This short storage duration is a rather
common limitation in bedside monitoring systems, and it isup
to the institutions to decide if they want to transfer and store
the logs. We could not prevent missing alarm logs as the data
collection required additional organization and volunteers, and
started at different points of time. These technical and
organizational challenges might underline the fact that
alarm-related research and analyses are often not prioritized
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yet. The alarm scripts developed to process the logs might be
reused, especially for thelog transformation and mapping parts.
However, this requires alarm log structures and content to be
consistent across manufacturers. In our opinion, easier access,
better storage solutions, and standardized logswould ease alarm
research and management.

Like commonly used threshold-based monitoring systems, our
annotation method neither considersalarm and vital signtrends
nor alarm combinations or trains. However, threshold-based
alarms might not accurately reflect the physiological state of a
patient at a given moment. Integrating vital signs or other
parametersin the annotation logic could help to assess whether
an intervention really happened. If the vital sign that triggered
theaarm stabilizes or returnsto normal in atimely manner after
the intervention, the likelihood that the alarm and intervention
are related would be higher. Other researchers have tried to
reduce the number and enhance the information content of
alarms, for example, by considering patient motion [85] or
categorical laboratory test results [86] in the alarm evaluation
or creating sequences composed of, for example, alarm
combinations, values of vital signs, laboratory results, and
further parametersto predict conditions and events[87,88]. The
use and visualization of parameter trends and sequences are not
limited to alarm research [89-91]. Exploring and integrating the
mentioned approaches in our annotation might improve the
accuracy of the labels. Our annotation method focuses on
enriching alarms with actionability information, but other
features could also be used to |abel alarms and further increase
alarm informativeness. Besidesthe addition of new information
(eg, actionability) and decrease of nonactionable alarms, future
patient monitoring systems might also need to refactor existing
alarm categories and rethink ways to represent and convey
information to further increase alarm informativeness [17,92].

Subsequent trials need to evaluate whether our annotation
method and future systems and algorithms based on datasets
labeled using our method are clinically accurate and help address
alarm fatigue.

Conclusions

Our annotation method opens new clinical and research
opportunities in the alarm research field and beyond.
Stakeholders from different domains, such as clinicians,
researchers, and alarm system manufacturers, could make use
of our annotation rulesand mappings, asthey are generic enough
to be reused after alignment with their own hospital database
structures for analyses and model development. Existing ICU
databases could be enriched with new annotations and metrics.
Thereby, our annotation method can ultimately enhance and
enablein-depth dataanalysesand ML possibilitiesin ICUsand
beyond, especialy regarding the alarm situation, and support
research aiming to counteract alarm fatigue. The next stepisto
make the datasets, including the annotated alarms, openly
available so that new research projects can develop the next
generation of monitoring systems.
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